The spatiotemporal evolution of meteorological droughts in Guizhou Province, Southwest China is analyzed based on a new set of the Standardized Precipitation Index series that mainly includes drought events that occurred from 1961 to 2004 at 81 meteorological stations. The cluster analysis shows that the study region can be classified into six homogeneous sub-regions where the drought characteristics and their temporal evolutions are quite different. The trend test and periodicity analysis indicate that Guizhou Province experienced a drier trend, which was most significant in the western parts of the region. It was found that the intensified drought severity was not always coincident with the drier trend but relied on the occurrence of extreme drought events. The trends of drier climate and drought severity were highly coincident with the temporal evolution of the drought periodicities, which were shortened from 1-4 years to less than one year. The shortened drought periodicity was found to be associated principally with a shift of the large-scale dominant climate indices from the North Atlantic Oscillation to the Indian Ocean Dipole after the late 1970s, and variations of the extreme drought events were mostly related to NINO34 in the study region.
Introduction
Drought is often represented in terms of drought indices, such as the Standardized Precipitation Index (SPI), the Standardized Precipitation Evapotranspiration Index (SPEI) [1] , the Palmer Drought Severity Index (PDSI) [2] , and the Surface Water Supply Index (SWSI) [3] . The drought indices can be characterized by attributes such as duration, spatial extent, and intensity [4] . Since drought emerges in space and time, many studies focused on the temporal (one-dimensional) evolution of droughts in a specific area (e.g., [5] ), and the spatial (two-dimensional) structure of drought patterns in a fixed time scale (e.g., [6, 7] ). In recent years, three-dimensional approaches have been developed in order to represent true drought evolutions of the spatiotemporal coherence [8] [9] [10] [11] , such as the severity-area-duration (SAD) relationship that jointly represents drought characterization in space and time in higher dimensions [12] .
The three-dimensional method requires complex computation steps, such as locating neighboring cells that meet drought conditions [8] and defining criteria that have to be met for a space-time region to be considered a drought event [9, 10] . Moreover, the identified spatial extend of droughts is often 2 of 19 discontinuous in time. From aspects of agriculture and water supply management, choosing regions of drought a priori is helpful for optimizing water resources and developing effective mitigation strategies. For example, for the purpose of providing more robust integrated water management insights under the implementation of the European Water Framework Directive, drought assessment was suggested on the basis of the basin-scale approach and information [13] . Since hydro-metrological conditions used for drought evaluations are based on at-site observations, simply using the mean of at-site drought characteristics to represent basin-scale droughts would reduce drought severity due to the strong asynchronous evolutions of droughts at sites in a large basin [14] . Therefore, it is necessary to divide a heterogeneous region into several homogeneous sub-regions. In each of the homogenous sub-regions, temporal evolutions of at-site drought characteristics should present similar behavior. Consequently, the mean of at-site drought series in each of the homogeneous sub-regions can be used to quantify temporal drought evolutions of sub-regional drought characteristics and integration of temporal drought evolutions in all the sub-regions could alternatively represent the spatiotemporal evolutions of droughts in a region.
A variety of techniques exist for the extraction of homogeneous sub-regions from at-site or grid data, e.g., principal component analysis (PCA) based on the empirical orthogonal function (EOF) analysis or the rotated empirical orthogonal function (REOF) [15] , as well as cluster analysis (CA) [16] . Among the clustering techniques, hierarchical clustering and partitioning clustering are two main approaches in time series clustering algorithms [17] , popularly applied to group the similar sites into a homogeneous sub-region based on at-site SPI time series [16, 18] . In these approaches, the selection of an appropriate series at sites with similar temporal variability is vital for isolating sub-regions. Since the drought is usually defined by the departure of climate and hydrological variables from the "normal" or average amount (e.g., SPI ≤ −1 in Table 1 ), statistical identification of homogeneous regions using an entire SPI series may mask the similarity of drought events if the non-drought events (e.g., SPI > −1 in Table 1 ) between sites are more similar than the drought events in the series. Therefore, it is necessary to select a set of representative SPI series that ensure concurrence of the drought events at all sites. Spatial and temporal evolution of droughts is caused by climate anomalies, particularly, extreme climate events, and the heterogeneity of the landscape. Frequent severe and sustained droughts have hit Southwest China in the last decade. For example, from autumn 2009 to spring 2010, a prolonged drought occurred over large areas of Southwest China. Guizhou Province is located in one of the most severe and extreme drought cluster areas [19] of Southwest China. The extreme and severe drought experienced in this province is because of special atmospheric circulation in Eastern Asia and the unique topography. Previous studies have documented that precipitation and drought variability are significantly linked to large-scale climate oscillations in Southwest China [20] [21] [22] . For example, Feng et al. [20] pointed out that droughts in Southwest China during the dry season are, in general, consistent with local anomalous descent in the middle troposphere, associated with sea surface temperature (SST) anomalies in the North Atlantic and Hadley circulation. Zhang et al. [23] and Wang et al. [21] found that the autumn precipitation over Southwest China reduced due to warm SST anomalies in the Western North Pacific and tropical Northwest Pacific, while Huang et al. [24] found that below-normal spring precipitation over Southwest China may be associated with warm SST anomalies in the Indian Ocean. The El Niño Southern Oscillation (ENSO), as a coupled ocean-atmosphere tropical Pacific phenomenon, also displays a remarkable influence on precipitation and droughts over Southwest China (e.g., [20, 22] ). Specifically, high mountains and special karst landscapes lead to extremely uneven distribution of precipitation and available water resources in Guizhou Province of China.
Until now, there have been many studies on drought evolutions based on the drought indices such as SPI, RDI (Reconnaissance Drought Index), and SPEI (the Standardized Precipitation Evapotranspiration Index) over the Guizhou Province and Southwest China [25] [26] [27] [28] [29] . Most analyses show a drying trend in the region. For example, Yang et al. [26] developed a multi-scale SPI to identify extreme severe drought events in China between 1961 and 2010 and found that Southwest China demonstrated the most extreme droughts clusters, compared with other regions of China. Li et al. [27] applied the SPEI to analyze drought trends and found a drying trend in Southwestern China. In Guizhou Province, Feng et al. [28] , Chen et al. [29] , and Cheng et al. [25] analyzed spatial and temporal characteristics of droughts using at-site SPI, SPEI, and three drought indices of SPI, CI (the Comprehensive Meteorological Drought Index), and RDI, respectively. Feng et al. [28] found that SPI decreased in spring and autumn, Chen et al. [29] detected that SPEI decreased at annual, spring, summer, and autumn scales, and Cheng et al. [25] detected that three drought indices decreased at annual and autumn scales. These drying trends are obtained from a large-scale analysis of the SPI index or sparse observation stations (e.g., 19 stations by Cheng et al. [25] and Chen et al. [29] and nine stations by Feng et al. [28] ). Thus, these studies cannot fully capture the spatial characteristics of the temporal drought evolutions, such as sub-regional droughts. Moreover, they seldom simultaneously analyzed the spatiotemporal coherence of the drought indices with drought severity characteristics, as well as with driving causes of climate anomaly, such as teleconnections with large-scale climate oscillations.
The objective of the study is to fully describe the spatiotemporal evaluations of droughts and their association with large-scale climate oscillations in Guizhou Province of Southwest China. Specifically, the study is focused on how the at-site SPI series can be grouped into several sub-regions, each of which includes at-site SPI series with a similar drought characteristic, how the sub-regional drought characteristics change with space and time, and whether the drought changes are associated with large-scale climate oscillations. First, a new set of at-site SPI series that mostly consists of drought events between 1961 and 2004 at 81 meteorological stations was developed. Then, the new set of at-site SPI series was applied to identify homogeneous sub-regions by the cluster analysis method. The spatiotemporal evolutions of droughts include trend, periodicity, and teleconnection with large-scale climate indices, are detected by the Mann-Kendall method, wavelet analysis, and the wavelet coherence analysis, respectively.
Study Area and Data
The study region is located in Guizhou Province, Southwest China ( Figure 1 ). It extends from 103 • 36 E to 109 • 35 E longitude and 24 • 37 N to 29 • 13 N latitude, with a total area of 176,167 km 2 . Across the entire region, the mountainous plateau accounts for nearly 87% of the regional area. The topography within the region descends from west to east, varying greatly from 2900 to 148 m in elevation. Its climate, which is characterized by the subtropical wet monsoon, displays an extremely uneven distribution in space and time. Mean annual precipitation ranges 1100-1300 mm and is higher in the south and lower in the north (Figure 1b ). About 80% of the annual precipitation is concentrated in the months of April-October. Guizhou Province is located in the center of the karst regions in Southwest China, covered almost entirely by karst landscape. Due to its shallow soils (less than 50 cm in regional mean) [30] and rich rock fractures in the karst areas, flush flows from the high mountains moving to the low depressions often cause floods during the rainfall seasons [31] . Meanwhile, the shallow soils have less capacity in terms of remaining soil moisture storage for agricultural utilization. Therefore, there are frequent occurrences of droughts and floods in the study region. Recently, extreme droughts hit Guizhou Province in 2009, 2011, and 2013, causing an economic loss of 2.3, 5.5, and 9.64 billion Chinese Yuan, respectively [25] . extracted from the National Oceanic and Atmospheric Administration (https://www.esrl.noaa.gov/psd/ for the period 1961-2004), and monthly values of the IOD index were downloaded from the website (http://www.jamstec.go.jp/frsgc/research/d1/iod/iod/dipole_mode_index.html). 
Methods

SPI and Drought Characteristics
Among the drought indices, the Standardized Precipitation Index (SPI) was recommended to characterize meteorological droughts by the World Meteorological Organization [34] . The SPI is space-independent and has demonstrated good performance when representing precipitation anomalies [35, 36] . Thus, the index offers the capability to assess drought conditions over a wide range of time scales, while comparison between dry and wet periods at different locations is permitted [13] .
In order to derive the SPI series from the long-term precipitation record, precipitation totals were first calculated for a given window of specific dates over a series of years. A probability distribution function was then used to fit the precipitation totals. The fitted distribution function was transformed to the standard normal distribution with a mean of zero and a standard deviation of one [35, 37] . Among the probability distribution functions, the most commonly used function is the gamma distribution. The cumulative distribution function of the gamma is given as:
here and are the shape and scale parameters, respectively, estimated by the maximum likelihood method, is the precipitation total, and ( ) is the gamma function. Since the gamma function is undefined for = 0, when a precipitation may contain zeros, the cumulative probability becomes
where is the probability of a zero. If is the numbers of zeros and is the length of the sequence, can be estimated by / . After the cumulative probability, ( ), is transformed to the standard normal random variable with mean zero, the value of the SPI can be obtained. The monthly precipitation records from 1961 to 2004 used for this study are provided by the China Meteorological Administration. The data consist of 81 meteorological stations in Guizhou Province (Figure 1 ). The missing precipitation data, less than 1% of the total data, are interpolated by averaging records at nearby stations.
A total of four prominent large-scale climatic anomalies were selected to analyze the key drivers of drought events over Guizhou Province: PDO (the Pacific Decadal Oscillation), ENSO (the El Niño-Southern Oscillation), NAO (the North Atlantic Oscillation), and IOD (the Indian Ocean Dipole) [32, 33] . The PDO is referred to as a long-lived El-Niño like pattern of the Pacific climate variability and as the leading principal component of monthly SST anomalies in the North Pacific Ocean. The ENSO indicated by the NINO34 index is derived from a SST anomaly in the Niño 3.4 region (5 • N-5 • S, 170-120 • W). The NAO is referred to as a meridional dipole in the atmospheric pressure with centers of action near the Azores and Iceland. The IOD is defined as an anomalous SST gradient between the western equatorial Indian Ocean (10 • S-0 • N, 50-70 • E) and the Southeastern equatorial Indian Ocean (10 • S-0 • N, 90-110 • E). Monthly PDO, NINO34, and NAO data were extracted from the National Oceanic and Atmospheric Administration (https://www.esrl.noaa.gov/psd/ for the period 1961-2004), and monthly values of the IOD index were downloaded from the website (http://www.jamstec.go.jp/frsgc/research/d1/iod/iod/dipole_mode_index.html).
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SPI and Drought Characteristics
here α and β are the shape and scale parameters, respectively, estimated by the maximum likelihood method, x is the precipitation total, and Γ(α) is the gamma function. Since the gamma function is undefined for x = 0, when a precipitation may contain zeros, the cumulative probability becomes
where q is the probability of a zero. If m is the numbers of zeros and n is the length of the sequence, q can be estimated by m/n. After the cumulative probability, H(x), is transformed to the standard normal random variable Z with mean zero, the value of the SPI can be obtained. In this study, the precipitation series at a time scale of three months (SPI) was selected as it is capable of representing the seasonal droughts in the study region. A drought event is defined when the SPI value is less than or equal to −1 in a certain period. It can be further classified into different drought severities according to the thresholds of the cumulative probability of SPI (Table 1 ) [35] . For each of the different drought severities, the drought characteristics of duration (D), magnitude (M), and peak intensity (P) shown in Figure 2 can be derived based on the run theory proposed by Yevjevich [38] . The additional characteristic of frequency (F) is the total number of drought events for different classifications. In this study, the precipitation series at a time scale of three months (SPI) was selected as it is capable of representing the seasonal droughts in the study region. A drought event is defined when the SPI value is less than or equal to −1 in a certain period. It can be further classified into different drought severities according to the thresholds of the cumulative probability of SPI (Table 1 ) [35] . For each of the different drought severities, the drought characteristics of duration ( ), magnitude ( ), and peak intensity ( ) shown in Figure 2 can be derived based on the run theory proposed by Yevjevich [38] . The additional characteristic of frequency ( ) is the total number of drought events for different classifications. 
Categories
SPI Cumulative Probability
Sketch of drought characteristics using the SPI.
Cluster Analysis for Identifying Similarity of SPI Series Between Sites
Due to the asynchronous variations of the SPI series and the derived drought characteristics between sites, the means of at-site series in any (sub)-regions may underestimate the drought magnitude and extremes [14] . To overcome the shortage, the at-site series in an entire region can be classified into various homogeneous sub-regions or groups. The at-site SPI series in any sub-region vary synchronously to ensure a similarity of drought characteristics between sites and a dissimilarity of drought characteristics between sub-regions.
As one of the most used algorithms in the partitioning cluster method, the K-means clustering algorithm is able to search the synchronous variability of at-site SPI series and classify the homogeneous sub-regions over the study region. The searching is based on the two following criterions using a numerical optimization routine: (1) Minimize the variability of the series at sites within each of the clusters and (2) maximize the variability between clusters. The optimization is to minimize the sum of squares of distances (that is, to maximize the similarity) between the series at individual sites in a cluster and the series at the centroid of the cluster. Here, the centroid is the mean value of the series at sites within a cluster, which is contained in terms of the optimization target of the most significant variance (ANOVA) of the selected series between sites [18] .
However, the method requires a given number of groups or clusters when the optimization routine is executed. In this study, to search for the best cluster schedule that meets the objective, the silhouette index and sum of squared error (SSE) are used as the two most common measures for 
As one of the most used algorithms in the partitioning cluster method, the K-means clustering algorithm is able to search the synchronous variability of at-site SPI series and classify the homogeneous sub-regions over the study region. The searching is based on the two following criterions using a numerical optimization routine: (1) Minimize the variability of the series at sites within each of the clusters and (2) maximize the variability between clusters. The optimization is to minimize the sum of squares of distances (that is, to maximize the similarity) between the series at individual sites in a cluster and the series at the centroid of the cluster. Here, the centroid is the mean value of the series at Water 2019, 11, 2104 6 of 19 sites within a cluster, which is contained in terms of the optimization target of the most significant variance (ANOVA) of the selected series between sites [18] .
However, the method requires a given number of groups or clusters when the optimization routine is executed. In this study, to search for the best cluster schedule that meets the objective, the silhouette index and sum of squared error (SSE) are used as the two most common measures for time series clusters [17] . The silhouette index [39] is a cluster validation measure. Each cluster is represented by a so-called silhouette (S), which is based on the comparison of its tightness and separation. For the time series at site i, S(i) is computed by:
where a(i) is the average dissimilarity of the time series at site i to the other members in the same cluster, and b(i) is the minimum of average dissimilarity of the time series at site i to the members in the other cluster. The S(i) varies between −1 and 1, and large values indicate tight and well-separated clusters. When S(i) is equal to 1, it means the time series at site i is well clustered, while it is equal to 0 it indicates that the time series at site i should be assigned to another cluster. The average of S(i) for all clusters provides an overall evaluation of clustering validity and can be used to select an appropriate number of clusters [39] . Alternatively, the number of clusters K can be determined when SSE reaches relative stability and becomes acceptable. The SSE is a function that describes the coherence of a given cluster with "better" clusters expected to give lower SSE values. For each time series, the error is the distance to the nearest cluster [17] . In this study, the number "K" is optimized according to the maximum of the average silhouette coefficient and acceptable SSE among comparing the cluster results in a given range of the cluster numbers K, e.g., K = 2-10.
As shown in Figure 2 , the entire SPI series at any specific site is composed by non-drought (e.g., SPI > −1) and drought (e.g., SPI ≤ −1) components. The complete SPI series at sites can be directly used to identify the homogeneous sites in a sub-region (Scheme A). In order to reduce the effect of the non-drought SPI component on the similarity identification of the series between individual sites, we pick up drought events (SPI ≤ −1) in the complete SPI series to form a new series. Since occurrences of the drought events could be quite different between the sites, the new series may be too short to meet the standard of drought identification and detection. To obtain a long-term series that covers most of the drought concurrence at all sites, we drew the SPI series at 81 sites to obtain the envelope lines of drought events (SPI ≤ −1). The envelope lines were used to determine the beginning and end times of the drought events for all the sites. A new set of the series at the 81 sites was then used for classifying homogeneous sub-regions (Scheme B). Therefore, there are two schemes (Scheme A and Scheme B) used for classifying the homogeneous sub-regions by the K-means cluster analysis in this study.
Detection of Spatial and Temporal Evolutions of the Sub-Regional Droughts
Trend Test for the Sub-Regional SPI Series
Long-term trends of sub-regional drought variations and characteristics were analyzed using means of at-site SPI series in each of the homogeneous sub-regions. Since the serial correlation may distort the power of the Mann-Kendall (MK) test, the pre-whitened SPI series that remove lag-1 autocorrelation were used for detecting trends. Here, the trend-free pre-whitening procedure includes three steps. First, an identified trend is removed from the time series that obtains a detrended series, and then, the lag 1 autoregressive process is removed from the detrended series that obtains an independent residual series. Finally, the MK test is applied to the new independent series after removal of the autoregressive component.
The MK test statistic Z is used to identify the degree to which a trend is consistently positive or negative. The significance level was chosen as α = 0.05 (1.96 ≤ |Z| < 2.58) to determine if a trend was [40, 41] .
Periodicity Detection for the Sub-Regional SPI Series
After detecting the trend of drought characteristics in any sub-region, the dominant oscillation for the sub-regional SPI time series in monthly scale was analyzed using the continuous wavelet transform (CWT). The CWT can expand a time series into time and frequency space to find localized intermittent periodicities [42] . For a time series {x n }, n = 1, 2, 3, . . . , N, the CWT is given by:
where W n (s) represents the wavelet coefficients, s denotes the scale of wavelet, n is the time index, δt denotes the sampling interval, ϕ is the mother wavelet, and ϕ * represents the complex conjugate of the mother wavelet. In this study, the Morlet wavelet was adopted as the mother wavelet function because it can describe the shape of climate index time series. The wavelet power spectrum is the squared modulus of the CWT, used to analyze the dominant periodicities for the SPI oscillation in each of the sub-regions. To examine the statistical significance for the wavelet power spectrum, a background power spectrum was provided by a red noise (a kind of signal noise, increasing power with decreasing frequency) model, and 95% confidence intervals were taken into consideration following Torrence and Campo [43] calculations. As the CWT method assumes the data is cyclic, errors will occur at the beginning and end of the wavelet power spectrum when dealing with finite-length SPI series. Thus, the CWT function creates a cone of influence (COI) that delimitates a region of the wavelet power spectrum. Edge effects become important and the results should be ignored beyond the region of the COI [43] .
Teleconnection of Drought Evolutions with Large-Scale Climate Anomalies
As the wavelet coherence (WCO) can reveal the covariance between two time series, it has been widely used to analyze the drought periodicity and relationships between drought index and possible teleconnections [15, 44, 45] . In this study, we applied WCO to examine the relationship between SPI and large-scale climate anomaly indices, such as PDO, ENSO, NAO, and IOD. For two time series {x n } and {y n }, the cross-wavelet spectrum is given by:
where W n X (s) and W n Y (s) are the wavelet power spectrum of {x n } and {y n }, respectively. W n Y * (s) is the complex conjugate of W n Y (s). The WCO is defined as the square of the cross-spectrum normalized by the individual power spectrum.
As both time series of the SPI and climate anomaly index generally have obvious red-noise characteristics, the two series can be modeled by a first-order autoregressive (AR1) process. Thus, a large ensemble of surrogate data set pairs with the same AR1 coefficients used as the input dataset will be generated by using Monte Carlo methods. For each pair, the wavelet coherence will be calculated and then used to estimate the significance level. Therefore, the statistical significance (P < 0.05) of the WCO can be determined using Monte Carlo methods with a red-noise spectrum. It usually results in significant periodicities of coherence delineated by significance contours in a figure [44] . In addition, regions beyond the COI should be explained with caution, as well as in the CWT.
Results
Identified Homogeneous Sub-Regions of Drought
On the basis of the monthly precipitation from 1961 to 2004 (44 years) at the 81 meteorological sites (Figure 1) , two sets of monthly SPI series (moving average for the time scale of 3 months) at the 81 individual sites was obtained (Scheme A and B) . The SPI series at each site for Scheme A has a total number of 528. In contrast, the SPI series at each site for Scheme B selected from the envelope of the drought events has a total number of 422.
Given a range of the number of clusters K (2-10), the K-means cluster method applied for the two schemes gives the overall average silhouette coefficient (S) and the SSE as shown in Figure 3 . When the number of clusters is equal to six, the silhouette coefficient (S) reaches the largest value for both schemes and the SSE presents a distinct knee or a change point (reaching a relatively stable status) for Scheme A. Thus, the optimal number of clusters is equal to six for the two schemes. It means that the study region can be classified into six homogeneous sub-regions with the synchronous variation of drought events. status) for Scheme A. Thus, the optimal number of clusters is equal to six for the two schemes. It means that the study region can be classified into six homogeneous sub-regions with the synchronous variation of drought events. Given the number of clusters "K = 6", the cluster sites in each sub-region are shown in Figure 4 (a) and (b) for Scheme A and B, respectively. For the two schemes, the clustered sites are the same in sub-regions of R1, R3, and R5, and different in sub-regions of R2, R4, and R6. For example, the sites of 30 and 32 in the northeast are clustered into sub-region R2 for Scheme B and sub-region R4 for Scheme A. The sites of 40 and 42 in the southwest belong to sub-region R4 for Scheme B and sub-region R6 for Scheme A. Figure 3 shows that the silhouette coefficient was higher in Scheme B than in Scheme A and the SSE was much lower in Scheme B than in Scheme A when the number of clusters was equal to six. In order to compare the cluster results of the two schemes in the same series, drought events in Scheme A were chosen to be same as those in Scheme B for each site. The average silhouette coefficient of Scheme B (SB = 0.190) was also larger than that of Scheme A (SA = 0.185) and the SSE of Scheme B (SSEB = 7029) was slightly larger than that of Scheme A (SSEA = 7006) when the number of clusters was equal to six. It indicates that the cluster results of Scheme B were generally better than those of Scheme A, and thus were used in the subsequent analysis.
According to Scheme B, the geographical locations of the six sub-regions are presented in Figure 4b , displaying large differences in the mean annual precipitation among sub-regions in Figure 1 . Four sub-regions are located in high-rainfall centers: R6 in the southwest, R5 in the southeast, R2 in the northeast, and R1 in the north, where mean annual precipitation changes from the highest to the lowest. The left two of R3 and R4 in the northwest are relatively drier (Figure 1 vs. Figure 4b ). Given the number of clusters "K = 6", the cluster sites in each sub-region are shown in Figure 4 (a) and (b) for Scheme A and B, respectively. For the two schemes, the clustered sites are the same in sub-regions of R1, R3, and R5, and different in sub-regions of R2, R4, and R6. For example, the sites of 30 and 32 in the northeast are clustered into sub-region R2 for Scheme B and sub-region R4 for Scheme A. The sites of 40 and 42 in the southwest belong to sub-region R4 for Scheme B and sub-region R6 for Scheme A. status) for Scheme A. Thus, the optimal number of clusters is equal to six for the two schemes. It means that the study region can be classified into six homogeneous sub-regions with the synchronous variation of drought events. Figure 3 shows that the silhouette coefficient was higher in Scheme B than in Scheme A and the SSE was much lower in Scheme B than in Scheme A when the number of clusters was equal to six. In order to compare the cluster results of the two schemes in the same series, drought events in Scheme A were chosen to be same as those in Scheme B for each site. The average silhouette coefficient of Scheme B (SB = 0.190) was also larger than that of Scheme A (SA = 0.185) and the SSE of Scheme B (SSEB = 7029) was slightly larger than that of Scheme A (SSEA = 7006) when the number of clusters was equal to six. It indicates that the cluster results of Scheme B were generally better than those of Scheme A, and thus were used in the subsequent analysis.
According to Scheme B, the geographical locations of the six sub-regions are presented in Figure 4b , displaying large differences in the mean annual precipitation among sub-regions in Figure 1 . Four sub-regions are located in high-rainfall centers: R6 in the southwest, R5 in the southeast, R2 in the northeast, and R1 in the north, where mean annual precipitation changes from the highest to the lowest. The left two of R3 and R4 in the northwest are relatively drier (Figure 1 vs. Figure 4b ). Figure 3 shows that the silhouette coefficient was higher in Scheme B than in Scheme A and the SSE was much lower in Scheme B than in Scheme A when the number of clusters was equal to six. In order to compare the cluster results of the two schemes in the same series, drought events in Scheme A were chosen to be same as those in Scheme B for each site. The average silhouette coefficient of Scheme B (S B = 0.190) was also larger than that of Scheme A (S A = 0.185) and the SSE of Scheme B (SSE B = 7029) was slightly larger than that of Scheme A (SSE A = 7006) when the number of clusters was equal to six. It indicates that the cluster results of Scheme B were generally better than those of Scheme A, and thus were used in the subsequent analysis.
According to Scheme B, the geographical locations of the six sub-regions are presented in Figure 4b , displaying large differences in the mean annual precipitation among sub-regions in Figure 1 . Four sub-regions are located in high-rainfall centers: R6 in the southwest, R5 in the southeast, R2 in the northeast, and R1 in the north, where mean annual precipitation changes from the highest to the lowest. The left two of R3 and R4 in the northwest are relatively drier (Figure 1 vs. Figure 4b ).
Spatial Characteristics of Sub-Regional Droughts
The area-weighted average monthly SPI at sites in any of the sub-regions is used to represent the sub-regional SPI series ( Figure 5 ). Then, drought characteristics (duration D, magnitude M and peak intensity P) in the sub-regions are derived (Table 2 ). Furthermore, the moderate, severe and extreme drought events are chosen from the sub-regional SPI series. Temporal evolutions of drought magnitude of the selected events in the six sub-regions are shown in Figure 6 . 
The area-weighted average monthly SPI at sites in any of the sub-regions is used to represent the sub-regional SPI series ( Figure 5 ). Then, drought characteristics (duration , magnitude and peak intensity ) in the sub-regions are derived (Table 2 ). Furthermore, the moderate, severe and extreme drought events are chosen from the sub-regional SPI series. Temporal evolutions of drought magnitude of the selected events in the six sub-regions are shown in Figure 6 .
Drought characteristics and their temporal evolutions were quite different among the six sub-regions. According to drought characteristics in the six sub-regions (Table 2) , the drier sub-regions of R3 and R4 had the highest frequency of drought (39) while the wetter sub-region of R6 had the smallest frequency of drought (31) . In terms of mean and maximum , , and , the most severe drought area was located in the north (R1), where mean and maximum , , and were largest among the six sub-regions (Table 2 and Figure 6 ). There were six extreme drought events (SPI ≤ −2.0) during the study period, with the least severe drought area located in R2 and R4 in the northeast and center where mean and maximum and were smaller ( Table 2 and Figure  6 ). There were four and two extreme droughts (SPI ≤ −2.0), respectively, during the study period ( Table 2 and Figure 6 ).
The temporal evolution of the drought magnitude for the moderate, severe, and extreme drought events is shown in Figure 6 . The moderate droughts occurred most frequently in the study period for each sub-region. The severe and extreme droughts were concentrated in some specific periods, the occurrence of which was different for the six sub-regions. More consecutive occurrences of the severe and extreme drought events could be identified in the period from the late 1980s to the early 1990s in R1 and R3. They were frequent and sporadic occurrences before the early 1990s but few occurrences after the late 1990s in R2 and R4. Comparatively, the severe and extreme drought events in the wet south sub-regions of R5 and R6 occurred occasionally. If we further select the three most severe drought events, ranked in terms of drought magnitude and duration in each sub-region (e.g., magnitude greater than 4.5 and duration longer than 3 months), the drought occurrences and characteristics are listed in Table 3 . The three most severe drought events detected occurred in the early 1960s to the early 1990s in the study region (Table 3 and Figure 6 ). The characteristics of the most severe drought events were markedly different among sub-regions. Even for a drought event that occurred in the same period/year, the severity could be different in different sub-regions. For example, both sub-regions of R5 and R6 in the south experienced a severe drought in 1963, but the drought duration and magnitude were greater in R6 than in R5 (Table 3 and Figure 6 ). Another example is the severe drought event in 1992 that occurred in the north and south sub-regions of R1 and R5, respectively. This drought in R1 lasted 6 months (October 1992-January 1993) and had a magnitude of 11.22 and peak of 2.62, whereas this drought in R5 was shorter (4 months from September 1992 to December 1992) and had a smaller and (6.19 and 2.35, respectively). The adjacent sub-regions, such as sub-regions of R1 and R2 in the north, could represent very different drought evolutions (the three most severe drought events Drought characteristics and their temporal evolutions were quite different among the six sub-regions. According to drought characteristics in the six sub-regions (Table 2) , the drier sub-regions of R3 and R4 had the highest frequency of drought (39) while the wetter sub-region of R6 had the smallest frequency of drought (31) . In terms of mean and maximum D, M, and P, the most severe drought area was located in the north (R1), where mean and maximum D, M, and P were largest among the six sub-regions (Table 2 and Figure 6 ). There were six extreme drought events (SPI ≤ −2.0) during the study period, with the least severe drought area located in R2 and R4 in the northeast and center where mean and maximum D and M were smaller (Table 2 and Figure 6 ). There were four and two extreme droughts (SPI ≤ −2.0), respectively, during the study period ( Table 2 and Figure 6 ).
The temporal evolution of the drought magnitude for the moderate, severe, and extreme drought events is shown in Figure 6 . The moderate droughts occurred most frequently in the study period for each sub-region. The severe and extreme droughts were concentrated in some specific periods, the occurrence of which was different for the six sub-regions. More consecutive occurrences of the severe and extreme drought events could be identified in the period from the late 1980s to the early 1990s in R1 and R3. They were frequent and sporadic occurrences before the early 1990s but few occurrences after the late 1990s in R2 and R4. Comparatively, the severe and extreme drought events in the wet south sub-regions of R5 and R6 occurred occasionally.
If we further select the three most severe drought events, ranked in terms of drought magnitude and duration in each sub-region (e.g., magnitude greater than 4.5 and duration longer than 3 months), the drought occurrences and characteristics are listed in Table 3 . The three most severe drought events detected occurred in the early 1960s to the early 1990s in the study region (Table 3 and Figure 6 ). The characteristics of the most severe drought events were markedly different among sub-regions. Even for a drought event that occurred in the same period/year, the severity could be different in different sub-regions. For example, both sub-regions of R5 and R6 in the south experienced a severe drought in 1963, but the drought duration and magnitude were greater in R6 than in R5 (Table 3 and Figure 6 ). Another example is the severe drought event in 1992 that occurred in the north and south sub-regions of R1 and R5, respectively. This drought in R1 lasted 6 months (October 1992-January 1993) and had a magnitude D of 11.22 and peak P of 2.62, whereas this drought in R5 was shorter (4 months from September 1992 to December 1992) and had a smaller D and P (6.19 and 2.35, respectively). The adjacent sub-regions, such as sub-regions of R1 and R2 in the north, could represent very different drought evolutions (the three most severe drought events occurred in the early 1990s for R1, and in 1966, 1979, and 1984 for R2 in Table 3 ). The drought severity was much greater in R1 than in R2, as indicated by much smaller values of D (3-4 months), M (4.54-4.93), and P (1.70-2.28) in R2 than those in R1 (Table 3) . Table 3 . Drought characteristics of the three most severe drought events ranked by magnitude in the six sub-regions from 1961 to 2004.
Sub-Region Rank Persistent Period (yyyy.mm) Duration (Months) Magnitude Peak Intensity
As shown in Table 3 , the three most severe drought events in the six sub-regions were detected to occur in any season. They occurred more frequently in spring and winter (December-February), (March-May) and autumn (September-November), and less in summer (June-August).
Temporal Evolution of the Sub-Regional Drought Characteristics
In addition to the spatial difference of drought characteristics among the sub-regions, the temporal evolution of the sub-regional drought characteristics was also different. Here, the temporal evolution was evidenced by the trend and periodicity of the SPI series and the derived D, M, and P in the study period. Table 4 listed the detected trends of drought characteristics. The negative values of the monthly SPI series in all sub-regions in Table 4 indicated decreases in the SPI, which were most significant in the western parts of the region (R1, R3, and R6) at the 5% significance level. The decreasing trends of the SPI indicate that the climate tended to be drier. Nevertheless, in terms of trends of the drought characteristics of D, M, and P, the evolution of drought severity could be either intensified or weakened as indicated by the positive/negative values of trends of D, M, and/or P in Table 4 . Thus, trends of D, M, and P could be inconsistent with that of the SPI. In the three sub-regions where decreasing trends of the SPI were significant, the drought severity was intensified in the northwest of R1 and R3, while it was weakened in the southeast of R6. Cycles or periodicities of the temporal variability in the sub-regions were shown in Figure 7 . According to the statistical identification at the 5% significance level, periodicities of the drought variations were significant in a range of 4-48 months for R1, R4, and R6, and 4-36 months for R2, R3, and R5 ( Table 5 ). The high-power variations with a shorter periodicity between 4-12 months were mostly discretely distributed in the period of 1961-2004 for the six sub-regions, but the periodicity that was concentrated in specific periods could be distinguished for some sub-regions. The shorter dominant periodicity was tested to occur in the late 1980s-1990s for the sub-regions of R2, R4, and R6 ( Figure 7 and Table 5 ). Another longer periodicity over 12 months appeared in the periods: Before the early 1970s for the sub-regions in the western parts (R1, R3, R4, and R6), and around the late 1970s to the early 1980s and the late 1990s to early 2000s for the sub-regions of R2 and R5, respectively, in the eastern parts of the study region (Table 5 and Figure 7 ). 32-48; 4-12 1964-1968; 1989-1996 NAO; PDO, NINO34, IOD, and NAO Additionally, except for R1 and R3, the other four sub-regions had two dominant periodicities. The longer periodicities (≥12 months) were mostly concentrated in the early study period, while the shorter significant periodicities (<12 months) were concentrated in the later study period. The shorter the periodicity was, the higher the frequency variability of the cycle was. Thus, as the climate tended to be drier, drought frequency increased in the study region.
Coherence between Sub-Regional Droughts and Large-Scale Anomaly Climate Indices
The wavelet coherence (WCO) identifies both frequency bands and time intervals of the co-variations between SPI and large-scale climate indices (i.e., PDO, NINO34, NAO, and IOD) over the six sub-regions ( Figure 8 ). The WCO varies as a value from 0 and 1, which measures the cross-correlation between SPI and climate indices as a function of frequency. The colored shading represents the magnitude of the coherence, as shown in the color bar, indicating the timescale variability in the correlation between the two time series. The black contours represent the significant sections that have a 5% significance level. If the SPI and climate indices series are physically related, following the theory of Grinsted [42] , we would expect that there is a consistent or slowly varying phase lag, and also expect that the phase arrows should point only in one direction in Figure 8 . Thus, the relative phase relationships between the SPI and climate index series are shown as arrows (with in-phase pointing right, indicating positive correlation, and out of phase pointing left indicating negative correlation). In Figure 8 , the straight upward (downward) arrow indicates that the sub-regional SPI series lags (leads) the climate index series in phase by 90 • [42] .
As shown in Figure 8 , for a shorter periodicity of less than one year, a significant coherence between SPI and the climate indices was observed intermittently from year to year. However, frequencies of their occurrences in the study period were different in the six sub-regions. As shown in Figure 8 , the shorter variations of SPI were less frequently influenced by PDO in R1 and R6, and by NINO34 in R3. Meanwhile, in a specific sub-region, the shorter variations of SPI were coherent with different climate indices in different study periods. For example, for the short periodicity of 4-8 months in R1, SPI was significantly coherent, with PDO around 1968-1983 and with NINO34 around 1983-1998 (Figure 8a,b) . Specifically, the shorter dominant periodicity of droughts (Table 5 ) appearing around the 1990s was always of significant coherence with IOD, which can be observed in sub-regions of R2, R4, and R6. Meanwhile, towards the wetter sub-regions, such as R4 and R6, drought variations tend to be teleconnection with more climate indices. For the longer periodicity of over a year, the NAO had a leading relationship with drought variation in a period of 30-60 months, appearing before the early 1970s in the western parts of the study region (R1, R3, R4, and R6) (see the yellow part in Figure 8 and Table 5 ). After the late 1970s, the dominant longer periodicities appeared, such as 16-32 months around 1979-1984 in R2, 12-20 months around 1991-1994, and 24-36 months around 1996-2002 in R5 (Table 5) , showing significant in-phase coherence between SPI and NINO34. For the two dominant periodicities in R5, significant in-phase coherence between SPI and NINO34 and anti-phase coherence between SPI and IOD can be observed. Overall, in the entire period of 1961-2004, the dominant influences of the large-scale climate indices on the drought evolutions have been shifted from NAO before the early 1970s to IOD after the late 1970s in the study region.
The three most severe drought events in the six sub-regions (Table 3) were significantly associated with one or more climate indices (Table 6 ). Comparatively, NINO34 strongly influenced drought variations for most events, representing the significant in-phase coherence. The most severe drought events before the early 1970s always correlated with NAO, with a periodicity from half a year to five years (e.g., first rank in R2, R4, and R6, second rank in R4, and third rank in R5 in the three most severe drought events), but NAO seldom influences the drought events after the 1990s. Some of the events are additionally correlated with PDO, NINO34, or IOD. The drought variations are strongly influenced by IOD for the sub-regions towards the wet south (R4, R5, and R6).
Discussions and Conclusions
This study obtained a full description of spatial and temporal evolutions of droughts in Guizhou Province, Southwest China based on the detailed observed data for identifying homogeneous sub-regions and detecting the temporal trends, periodicities, and teleconnection of drought events and their characteristics (i.e., duration, magnitude, and peak) during 1961-2004. The cluster analysis showed that the study region could be classified into six homogeneous sub-regions where the drought characteristics and their temporal evolutions were different. The sub-regional SPI series could be effectively used to distinguish spatial drought characteristics and their temporal evolutions. Droughts were detected to be most severe in the north of the study region (R1) and least severe in the northeast and central sub-regions of R2 and R4 (Table 2) , indicated by the largest and smallest mean D, M, and P, respectively. The decreasing trend of the SPI series was detected in the region, which was consistent with other studies [25] [26] [27] [28] [29] . Spatially, the trend was significant in the western parts of the region (R1, R3, and R6) at the 5% significance level. However, it was found that the decreasing trend of SPI did not mean an intensified drought severity in terms of characteristics of duration D, magnitude M, and peak P. The analysis indicated that the decreasing trend of SPI series reflected an overall drier tendency, whereas the trend of drought severity mostly depended on the time of occurrence of extreme drought events. For example, among the three SPI series tested to have significant decreasing trends, the increasing trend of drought severity (D, M, or P) in R1 and R3 was contributed to by extreme droughts that occurred in the later period (e.g., the 1980s), while the decreasing trend in terms of drought severity in R6 was caused by extreme droughts that occurred in the earlier 1960s ( Figure 6 ). The significant periodicity was less than 36-48 months in the six sub-regions, including two dominant periodicities of shorter than and longer than one year. These periodicities were concentrated before the early 1970s, the late 1970s to the early 1980s, and 1990s. The shorter periodicity of less than one year appeared in the later period (e.g., in the 1990s for the sub-regions of R2, R4, and R6 in Table 5 ), commonly caused by IOD. In contrast, the longer periodicity of over one year mostly appeared in the early period (e.g., before the early 1980s in R1-R4 and R6 in Table 5 ), mainly induced by NAO and NINO34. The temporal evolution of the shortened periodicity from the early to the later period was coincident with the drier trend. The three most severe drought events in the six sub-regions were highly related to the two dominant periodicities and the climate anomaly indices. The most severe drought events significantly linked with NINO34, in addition to NAO and IOD.
The climate of Guizhou Province, Southwest China is dominated by the East Asian summer monsoon and South Asian monsoon (Indian summer monsoon) [46] . The former is significantly influenced by the El Niño-Southern Oscillation (ENSO) through an anomalous lower-tropospheric anticyclone (cyclone) located in the Western North Pacific [47, 48] , exhibiting a remarkable influence on the interannual variability of the climate over East Asia [49, 50] . Meanwhile, the circulation anomaly over Southwest China could also be induced by remote forcing from the tropical Pacific and North Atlantic Oceans (NAO) [20] . Additionally, the intensity of the IOD was characterized by an anomalous SST gradient between the western equatorial Indian Ocean and the southeastern equatorial Indian Ocean. The anomalous heating over the North Indian Ocean could decrease the north-south heating gradient, which is favorable for a weak Indian summer monsoon flow and thus leads to weak water vapor transport to Southwest China [51] . The results indicated that dominant influences of the large-scale climate indices on the drought evolutions had been shifted in the study region, i.e., from NAO before the early 1970s to IOD after the late 1970s, and NINO34 exerted a significant influence on the most extreme drought events. It indicates that the circulation anomaly over Southwest China induced by remote forcing from North Atlantic Oceans (NAO) was weakened while that from ENSO (NINO34) was enhanced after the late 1970s. It follows analysis results by Zhang et al. [23] that a nonconventional El Niño is supposed to be a principal factor of the severe drought in autumn 2009 due to decreased autumn precipitation in Southwest China. Our analysis shows that the anomalous SST gradient by IOD appeared over three consecutive years in the 1990s, causing more severe and extreme droughts in the study region, indicated particularly by the significant a shorter periodicity of less than one year in the southwest, central, and northeast sub-regions of R2, R4, and R6. It follows the analysis results by [52] that the rising autumn positive SST of East Asia (SST of Indian Ocean, South China Sea, and Northwestern Pacific) caused significantly decreasing autumn precipitation over the karst area in Southwest China.
The statistical analysis results were highly dependent on representatives of observational data, such as data lengths, spatial density, and critical criterions used for cluster, trend, and periodicity analysis. Additionally, analysis from the global and regional climate models could offer physical dynamics of climate change and improve the reliability of the analysis results.
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